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Abstract 24 

Although intermixing different motor learning tasks via random schedules enhances long-term 25 

retention compared to “blocked” schedules, the mechanism underlying this contextual interference effect 26 

has been unclear. Furthermore, previous studies have reported inconclusive results in individuals post-27 

stroke.  28 

 29 

We instructed participants to learn to produce three grip force patterns in either random or 30 

blocked schedules, and measured the contextual interference effect by long-term forgetting: the change in 31 

performance between immediate and 24-hour post-tests. Non-disabled participants exhibited the 32 

contextual interference effect: no forgetting in the random condition, but forgetting in the blocked 33 

condition. Participants at least 3 months post-stroke exhibited no forgetting in the random condition, but 34 

marginal forgetting in the blocked condition. However, in participants post-stroke, the integrity of visuo-35 

spatial working memory modulated long-term retention after blocked schedule training: participants with 36 

poor visuo-spatial working memory exhibited little forgetting at 24 hours. 37 

 38 

These counter-intuitive results were predicted by a computational model of motor memory that 39 

contains a common fast process and multiple slow processes, which are competitively updated by motor 40 

errors.  In blocked schedules, the fast process quickly improved performance, therefore reducing error-41 

driven update of the slow processes, and thus poor long-term retention. In random schedules, 42 

interferences in the fast process led to slower change in performance, therefore increasing error-driven 43 

update of slow processes and thus good long-term retention.  Increased forgetting rates in the fast process, 44 

as would be expected in individuals with visuo-spatial working memory deficits, led to small updates of 45 

the fast process during blocked schedules, and thus better long-term retention. 46 

 47 

48 
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Introduction 49 

 50 

During neuro-rehabilitation after brain injury, but also in activities such as sports, technical 51 

training, and music, one must often learn, or re-learn, multiple motor tasks within a given period. 52 

Intermixing the learning of different tasks via random schedules reduces performance during training, but 53 

enhances long-term retention compared to blocked schedules, e.g. (Schmidt and Lee 1999; Shea and 54 

Morgan 1979a; Tsuitsui et al. 1998).  This phenomenon is known as the contextual interference (CI) 55 

effect. 56 

 57 

Despite close to a century of research (Pyle 1919), the mechanism underlying the CI effect are 58 

unclear, however.  According to the “forgetting-reconstruction” hypothesis of the CI effect, short-term 59 

forgetting between successive presentations of the same task during random training requires the learner 60 

to “reconstruct the action plan at each presentation”, resulting in stronger memory representations (Lee 61 

and Magill 1983; Lee et al. 1985). Recent computational models similarly suggest a crucial role of 62 

working memory in the CI effect. It has notably been proposed that motor adaptation occurs via 63 

simultaneous update of a fast process that contributes to fast initial learning but forgets quickly, and a 64 

slow process that contributes to long-term retention but learns slowly (Joiner and Smith 2008; Smith et al. 65 

2006). We recently extended this model to account for multiple task adaptation (Lee and Schweighofer 66 

2009). In our model, a single fast process is arranged in parallel with multiple independent slow processes 67 

switched via contextual cues. During adaptation, motor errors simultaneously update fast and slow 68 

processes in a competitive manner. In a situation where tasks are intermixed during training, our model 69 

predicts that the decay in the fast process due to both time and interference from other tasks leads to 70 

greater update of the slow process. Thus, random schedule training should lead to less long-term 71 

forgetting than blocked schedule training, as in the CI effect. 72 

 73 
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Individuals with unilateral stroke-related damage in the sensori-motor areas often exhibit deficits 74 

in visuo-spatial working memory (Winstein 1999).  Accordingly, the integrity of visuo-spatial working 75 

memory may play a role in the CI effect in individuals post-stroke. The two previous attempts at testing 76 

the CI effect in stroke individuals with motor impairments were inconclusive. Specifically, Hanlon 77 

(Hanlon 1996) reported a CI effect; the effect of schedules could not be unequivocally determined in this 78 

study, however, because the practice sessions were of variable lengths. On the contrary, Cauraugh and 79 

Kim (Cauraugh and Kim 2003) reported no CI effect; the tasks used in this study were strengthening tasks 80 

(such as wrist/finger extension), however, not goal-directed tasks that required acquisition of new skills. 81 

Thus, it is unclear whether these contrasted results are due to either, or both, the experimental design or 82 

the heterogeneous grouping of all stroke individuals post-stroke with potential differences in working 83 

memory, thus masking the CI effect.  84 

 85 

The goals of this study are thus to provide a mechanistic explanation for the CI effect using our  86 

previous model (Lee and Schweighofer 2009), and notably study the role of the fast process in the CI 87 

effect, and  to test the CI effect in individuals post-stroke with visuo-spatial working memory deficits, 88 

providing behavioral support for the model. For this purpose, we designed an experiment in which young 89 

non-disabled –participants and individuals at least 3 months post-stroke learned how to produce three 90 

specific force patterns in either a random or a blocked schedule practice condition. The CI effect was 91 

measured by long-term forgetting, the change in performance between two retention tests given 92 

immediately and 24 hour following training respectively. 93 

94 
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 95 

Materials and Methods 96 

Participants 97 

 98 

Non-disabled -participants. Twenty-four young participants (12 females) with no reported 99 

neurological deficits were randomly assigned either to a blocked training schedule or to a pseudo-random 100 

training schedule (N = 12 in each group; because of problems with the recording device on day with 1 101 

participant, we analyzed data for 11 participants in the random group and 12 in the blocked group for the 102 

retention results). The participants met the following inclusion criterion: be over 18 years of age and be 103 

right hand-dominant. Summary of the demographic data is reported in Table 1.  104 

 105 

Individuals post-stroke. Twenty-five participants (7 females) with stroke at least three months 106 

from onset were randomly assigned either to a blocked training schedule or to a pseudo-random training 107 

schedule (N = 12 in blocked group, N = 13 in random group). To be included in the study, the participants 108 

needed to fulfill the following inclusion criteria: 1) greater than 18 years of age; 2) at least 3 months post 109 

stroke; 3) stable medical condition; 4) have a upper extremity Fugl-Meyer score no less than 33 (Fugl-110 

Meyer et al., 1975); 5) ability to produce at least 10 Newtons of force in power and 2 Newtons in 111 

precision grasp; 6) have a score at least 10 out of 17 on the Functional test of the Hemiparetic Upper 112 

Extremity (FTHUE) (Wilson, 1984); 7) have a score of no less than 25 on the mini mental state exam 113 

(MMSE). The participants were excluded from the study if they 1) demonstrated excessive pain in any 114 

joint of the more affected extremity that could limit ability to participate in the grasping tasks; 2) had any 115 

previous history of surgery of fracture in the affected extremity that may impair the ability to perform the 116 

task. Summary of the demographic data is reported in Table 2. 117 
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All participants (non-disabled individuals and individuals post-stroke) signed an informed 118 

consent to participate in this study, which was approved by the IRB at the University of Southern 119 

California. 120 

 121 

 122 

Experimental design and procedures 123 

 124 

A critical impairment after stroke is the inability to generate precise force output at moderate 125 

levels with sufficiently rapid force rise. We thus designed a learning experiment that required learning to 126 

exert three force patterns with unique magnitude and timing in response to three visually distinct target 127 

force profiles. Participants were pseudo-randomly assigned to either a blocked schedule condition or a 128 

random schedule condition.  129 

 130 

The participants came to our laboratory for two sessions on two consecutive days. The first 131 

session consisted of physical and cognitive tests, a training session, and an immediate retention test (see 132 

below). A delayed retention tests was given 24 hours following the first (immediate) retention test. 133 

During the training session, all participants were trained on the three motor tasks, with 50 trials per task. 134 

In the blocked schedule condition, there were three blocks of 50 consecutive trials, with a single task 135 

within a block. Task order was counterbalanced across participants. In the random schedule condition, 136 

there were 50 blocks of three trials, with each task occurring once per block at a random order within the 137 

block. The initial task order was counterbalanced across participants. 138 

 139 

The participants were instructed to reach and grasp a plastic cylinder, and exert a force profile 140 

with a power grasp that matched one of three target profiles displayed on a computer screen in both 141 

magnitude and timing (Figure 1). Participant post-stroke were instructed to use their affected hand. Non-142 
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disabled participants were instructed to use their dominant hand. Force data was acquired through a 143 

sensor embedded in the cylinder sampling at a rate of 100 Hz. 144 

 145 

At the beginning of each trial, one of the three target force profiles was shown. Two seconds 146 

later, the target profile disappeared, a “GO” signal was displayed, and the participants were instructed to 147 

produce a force trajectory that matched the target force profile. If the participant did not grasp the cylinder 148 

within the 2 seconds of the “GO” signal, the message “Next time move faster” was displayed.  149 

 150 

In training trials, feedback was provided four seconds after the end of the target display. 151 

Specifically, the actual force trajectory was shown superimposed on the desired trajectory (Figure 1). An 152 

error value was also displayed indicating the total root mean squared error (RMSE) between the desired 153 

and actual force trajectory.  154 

 155 

To assess performance after training, retention tests were given immediately and 24-hour 156 

following training. Each test consisted of five trials per task, with each trial similar to training trials, but 157 

without feedback. In the immediate test for the blocked schedule group, the test for each task was given 158 

immediately following the 50 training trials. In the immediate retention tests for the random schedule 159 

group, as well in the delayed tests for both groups, the order of the three tasks was randomized.  160 

 161 

For each participant, maximal force was recorded with the apparatus in three separate trials and 162 

averaged prior to training. The maximum magnitude of each target force profile was set at 40% of 163 

maximum force for each participant. 164 

 165 

 Figure 2 shows examples of the force profiles and the actual force trajectories for one force 166 

pattern for a representative participant in each group (stroke blocked, stroke random, non-disabled 167 
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blocked, non-disabled random) for the first trial of training, for the first trial of the immediate test, and for 168 

the first trial of the delayed retention test. 169 

 170 

 171 

Visuo-spatial working memory test 172 

 173 

 In our task, participants exerted grip forces based on line-drawing cues visually displayed 2 174 

seconds ago and not available during force modulation. Furthermore, visual feedback was provided 4 175 

seconds following force modulation. Thus, visuo-spatial working memory was needed to link the visual 176 

information provided as cue and feedback to the actual movement generated. We assessed visuo-spatial 177 

working memory for each participant with the figural memory subtest of the Wechsler Memory Test 178 

revised (WMS-R; (Wechsler 1987)). In the figural memory test, a target geometrical pattern is presented 179 

to the participant. After a 6 second delay, both the target pattern and alternative patterns are shown. The 180 

participant is asked to identify the correct pattern. The maximum score for the figural test is 10. The 181 

figural test has been used in previous research studies with various clinical populations to assess visual-182 

visuo-spatial working memory, e.g. (Hawkins et al. 1997; Nixon et al. 1987; Winstein et al. 1999). The 183 

digital memory subtest of the Wechsler Memory Test was also given for comparison purpose. 184 

 185 

Data analysis 186 

 187 

To compare performance across two schedules and across young non-disabled and stroke 188 

individuals, we computed performance at each trial as 1 minus a normalized root mean square error 189 

(nRMSE) averaged across the tasks. We normalized the RMSE for each task, we divided the RMSE at 190 

each trial by the difference between the maximum RMSE (often, but not always on the first trial) and the 191 

minimum RMSE generated during training. The nRMSE for subject i  at trial n  is thus given by:  192 
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−

 193 

Where, min(.) and max(.)  are calculated for subject i  across training trials for all three tasks 194 

 195 

Our main dependent measure was “long-term forgetting”. Long-term forgetting was computed as 196 

the difference in task performance between the immediate and the 24-hour test. As measure of retention 197 

performance in the immediate and delayed retention tests, we used the average performance in the first 198 

trial for the three tasks. We did not use all 5 trials of each task in the retention test, because we noted that 199 

performance largely improved during the test even without feedback in the non-disabled participant 200 

group; e.g., in immediate group, average of 3 tasks, repeated ANOVA for the 5 test trials, p < 0.001 in 201 

blocked condition, p  = 0.04 in the random condition.  202 

 203 

All data (and residuals for regression models) used were tested for normality with the Shapiro-204 

Wilks' test, and for equality of variance with the Levene’s test. For group comparisons, when the data 205 

were normally distributed and when the sample size was greater or equal to 10 in each group, we used t-206 

tests for independent measures, and paired t-tests for repeated measures.  Otherwise, we used the Mann-207 

Whitney Test for independent measures. In repeated ANOVA, non-spherical data were corrected using 208 

Greenhouse-Geisser correction. Difference between groups in participants baseline characteristics were 209 

tested with t-tests when the data were numerical (e.g. age) and with chi-square tests when the data were 210 

categorical (e.g., gender). We classified the individuals with stroke as “high” and “low” function in visuo-211 

spatial working memory, based on a cut-off of 7 on the figural Wechsler score (the cut-off value was 212 

chosen because it yielded near equal group sizes in our data set) and compared the effect of practice 213 

schedules for high and low level groups. Our significance level in all tests was set at p < 0.05.  214 

 215 

Computer modeling 216 

 217 
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It has been proposed that motor adaptation occurs via simultaneous update of a fast process that 218 

contributes to fast initial learning but forgets quickly, and a slow process that contributes to long-term 219 

retention but learns slowly (Joiner and Smith 2008; Smith et al. 2006). We recently extended this model 220 

to account for multiple task adaptation (Lee and Schweighofer 2009). In our model, a single fast process 221 

is arranged in parallel with multiple independent slow processes switched via contextual cues. During 222 

adaptation, motor errors simultaneously update the fast and the selected slow processes in a competitive 223 

manner. Because the model was specifically developed to account for multiple task-adaptation, it can be 224 

used to simulate the changes in performance resulting from different task schedules. We therefore tested 225 

in what conditions, if any, the model could reproduce the contextual interference effect. 226 

 227 

The model contains one fast process, and N slow processes, N being the number of tasks, all 228 

organized in parallel (the model is thus called a 1-Fast N-Slow parallel model). The model output and the 229 

state update rules are given by equations (1) and (2), respectively:  230 

 ( ) ( ) ( ) ( )T
f sy n x n n n= + x c   (1) 231 

 232 

 
( 1) ( ) ( )

( 1) ( ) ( ) ( )

f f f f

s s s s

x n A x n B e n

n A n B e n n

+ = +

+ = +x x c
 (2) 233 

 234 

where n is the trial number, the motor error determined by the difference between an external perturbation 235 

f(n) and the motor output y(n) at time step n e(n) = f(n) – y(n), xf the state of the fast process, xs the state 236 

vector of the slow process, and c the contextual cue vector;, with both xs and c vectors have a length equal 237 

to the number of tasks N.  Because, we assumed no interference and perfect switching among states in the 238 

slow process in the model, c is a unit vector with a single non zero element. Af is the forgetting rate of the 239 

fast process, As  the forgetting rate of the slow processes, Bf  the learning rate of the fast process, and Bs the 240 

learning rate of the slow processes. Default parameters in the model in the current simulations were Af = 241 
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0.8, Bf = 0.2; As = 0.995; Bs = 0.04 and were hand-tuned to qualitatively reproduce the learning curve of 242 

the non-disabled subjects in the blocked and random schedule. 243 

 244 

At trial n, the motor output is generated by the sum of the fast process and the corresponding slow 245 

process, according to equation (1).   After a task is presented, if the motor error is not zero, both the fast 246 

state and the corresponding slow state are updated according to equation (2). Because of the gating by the 247 

contextual input, the slow states for other (non-presented) tasks are not updated after this trial, but instead 248 

decay with forgetting rate As. When no tasks are presented, such as after training for instance, all fast and 249 

slow processes decay towards zero. Forgetting  in the fast processes is rapid (in the order of tens of 250 

seconds), but forgetting in the slow processes more long-lasting (in the order of tens of minutes). 251 

Although we do not model long-term retention (in the order of days), it has been shown that for 252 

adaptation to one task, the amount of long-term retention is predicted the level of activity in the slow 253 

process at the end of training (Joiner and Smith 2008). Thus, to compare computer simulations to data in 254 

our experimental data, performance for the first task at the end of training was taken as immediate 255 

retention performance; level of the slow process for the first task at the end of training was taken as long-256 

term retention at 24 hour. 257 

 258 

In the present work, the competition between the fast and slow processes for errors is crucial to 259 

explain the differential effects of blocked and random schedules. Such competition stems from the 260 

model’s parallel architecture. In our previous work (Lee and Schweighofer 2009), we showed that only 261 

the parallel 1-Fast N-Slow architecture, and not the serial 1-Fast N-Slow architecture, could account for 262 

adaptation data in a random schedule. Because of this parallel architecture of the model, the fast and slow 263 

processes compete for motor errors at each trial. Thus, in a blocked task presentation, there is no 264 

interference in the fast process, which is only updated by the errors of the task presented in the block. 265 

Because the fast process as a high learning rate (compare the values of the parameters Bf  and Bs  and 266 

above), errors will be quickly reduced. In a random schedule, however, there are large interferences in the 267 
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fast process; if the two perturbations have equal magnitude but opposite signs for instance, the fast 268 

process will have activity oscillating around zero. As a result, the changes in performance during training 269 

will be mostly driven by the slow process. We refer the reader to (Lee and Schweighofer 2009) for 270 

additional details of the model.  271 

 272 

Additionally, we made the simplifying assumption that, in the model, the integrity of visuo-273 

spatial working memory is linked to the rate of decay of the fast process, with larger rates of decay linked 274 

to poorer visuo-spatial working memory. We thus modeled the integrity of visuo-spatial working memory 275 

by modulating the time constant τf in the fast process, with τf = 1/(1- A f )*T, where Af  is the fast process 276 

forgetting rate given in equation (2) and T corresponds to a simulated trial length, which was 12 seconds 277 

as in the experiment. The default “normal” forgetting rate Af =0.8 gives τf = 60 sec. Small time constant, 278 

which indicates fast decay in the fast process (small value of forgetting rate Af), are used to model poor 279 

working memory. The “default” poor working memory forgetting rate was Af = 0.4, which gives τf = 20 280 

sec.  281 

 282 

Results 283 

The CI effect in the computational model 284 

 285 

 Our computational model reproduced the CI effect: slower improvements in performance during 286 

training (Figure 3 A and C blue lines) and less long-term forgetting following training in random 287 

schedules than in blocked schedules (Figure 3 B and D). During blocked presentations, the fast process 288 

exhibited high activity levels (Figure 3A green line) because there was little long-term forgetting during 289 

the short intervals between presentations of the same task. Because fast and slow processes compete for 290 

errors, the high activity levels of the fast process leads to relatively little update of the slow process 291 
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(Figure 3A red line). As a result, there was fast adaptation during training, but large long-term forgetting 292 

in delayed retention (Figure 3B). In contrast, during random presentations, the fast process exhibited low 293 

and jittered activity levels (Figure 3C green line); this occurred because interferences between tasks was 294 

high and passage of time between presentations of the same task was relatively long. This led to relatively 295 

large update of the slow process (Figure 3C red line). As a result, there was relatively slow adaptation 296 

during training, but little long-term forgetting in delayed retention (Figure 3D, compare to Figure 297 

3B).Specifically, at the end of training and for task 1 for the blocked schedule, performance was 0.79, and 298 

the slow process was 0.57 (performance is equal to the slow process at long-term retention; see Methods); 299 

for the random schedule, performance was 0.73, and the slow process was 0.76. 300 

  301 

Our model makes the prediction that the integrity of visuo-spatial working memory differentially 302 

affects delayed retention in blocked and random schedules. In Figure 4, a simulated participant with poor 303 

visuo-spatial working memory (parameter Af = 0.4) showed little long-term forgetting following either 304 

blocked or random schedule training (Figure 4 B, D). During blocked schedule training (Figure 4A), 305 

compared to the simulated participant with normal visuo-spatial working memory of Figure3A, there was 306 

reduced update of the fast process because of large long-term forgetting from one trial to the next. 307 

However, because of the competition between fast and slow process, there was an enhanced update of the 308 

slow process (Figure 4A red line). Long-term forgetting following blocked training was then minimal 309 

(Figure 4B). During random schedule training (Figure 4C), the update of the slow process was nearly 310 

identical to that of the “normal” simulated participant (Figure 3C).  Specifically, at the end of training and 311 

for task 1 for the blocked schedule, performance was 0.78, and the slow process was 0.71 (performance is 312 

equal to the slow process at long-term retention, see Methods); for the random schedule, performance was 313 

0.72, and the slow process was 0.75. 314 

 315 

In the model, long-term forgetting following blocked schedule training positively correlates with 316 

the time constant of visuo-spatial working memory: for small time constants (i.e., poor visuo-spatial 317 
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working memory), there was little long-term forgetting in the delayed test (Figure 5A left), because much 318 

short-term forgetting happened between presentations during training (as in Figure 4A). For larger time 319 

constants (i.e., good visuo-spatial working memory), there was large long-term forgetting in the delayed 320 

test (Figure 5A right), because little short-term forgetting happened between presentations during training 321 

(as in Figure 3A). In contrast, long-term forgetting following random schedule training did not correlate 322 

with this time constant (Figure 5B): because of interference between tasks during training, there was little 323 

build-up of fast process. 324 

 325 

The CI effect in non-disabled individuals  326 

 327 

We first examined whether the typical CI effect was replicated with our tasks in our young non-328 

disabled sample. There was no difference in baseline characteristics between the two non-disabled groups 329 

for gender, age, power-grip maximal force, and Wechsler figural score in non-disabled participants (see 330 

Table 1). 331 

 332 

Long-term forgetting was positive following blocked training (Blocked long-term forgetting: 333 

0.183 ± 0.063; p = 0.011 one-sample t-test), but not following random training (long-term forgetting: -334 

0.0004 ± 0.041; random: p = 0.99, one-sample t-test). Furthermore, long-term forgetting was greater 335 

following blocked schedule than following random training (p = 0.023, t-test) (see Figure 6C and D).  336 

 337 

The performance of participants in both groups improved during training in both conditions 338 

(repeated measure ANOVA, 10 blocks of 5 trials, p = < 0.0001 for both blocked and for random groups) 339 

(Figure 6A and C). There was no difference in performance in the first block of 5 trials between groups (p 340 

= 0.129, t-test), no difference in the last block of 5 trials (p = 0.233, t-test), and no difference in the 341 

overall change in performance between the first and the last block of 5 trials (p = 0.763, t-test). However, 342 

performance continued to improve in the random group after the first 5 trials, but not in the blocked 343 
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group. To show this, we regressed the performance from trials 6 to 50 as a function of trial number for 344 

each participant: the slopes were positive in the random group (0.0051 ± 0.0006  trial-1) but near zero in 345 

the blocked group (mean 0. 0015 ± 0.0011 trial-1), and larger in the random group compared to the 346 

blocked group (p = 0.008, t-test). 347 

 348 

The CI effect in individuals post-stroke 349 

 350 

There was no difference in baseline characteristics between the two groups for gender, age, side 351 

of paresis, concordance of stroke (i.e. whether the stroke affected the dominant hand), time post-onset, 352 

maximal force, any of the Fugl-Meyer upper extremity subscale scores (range of motion, pain, sensory, 353 

arm motor, hand, wrist), FTHUE, MMSE, and Wechsler figural score (all values are given in Table 2). 354 

The only marginally non-zero difference between groups was power-grip maximal force (blocked: 462 ± 355 

67 Newton; random: 326 ± 29 Newton, p = 0.082; t-test). 356 

 357 

We first examined the CI effect for all individuals post-stroke (i.e. without dividing the 358 

participants into subgroups based on their figural memory test score). Long-term forgetting was 359 

marginally positive following blocked training, but not following random training (blocked 0.076 ± 360 

0.040, p = 0.085, random: 0.0085 ± 0.063, p = 0.89, one sample t-tests) (see Figure 7C and D). 361 

Furthermore, long-term forgetting was not different following blocked and random training (p = 0.342, t-362 

test) (see Figure 6C and D). We verified that there was no correlation between maximal power grip force 363 

and long-term forgetting in either group (blocked: p = 0.97; random: p = 0.75; Pearson).  364 

 365 

The performance of participants in both groups improved during training in both conditions 366 

(repeated measure ANOVA, 10 blocks of 5 trials, p < 0.0001 for both groups; Greenhouse-Geisser 367 

corrections) (Figure 7A and C). There was no difference in performance in the first trial between groups 368 
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(p = 0.12, t-test). Furthermore, there was no difference in performance in the first block of 5 trials 369 

between groups (p = 0.13, t-test), no difference in the last block of 5 trials (p = 0. 67, t-test), and no 370 

difference in the overall change in performance between the first and the last block of 5 trials (p = 0.19, t-371 

test). There was no difference in slopes between group in the regression model of performance vs. trials 6 372 

to 50 (p = 0.63, t-test – see above for details of analysis). 373 

 374 

Our simulations predict that visuo-spatial working memory integrity influences the degree of 375 

long-term forgetting after blocked schedules, but not after random schedules. Figure 8A illustrates the 376 

strong dependency of the figural Wechsler score upon long-term forgetting in the blocked schedule 377 

(Compare Figure 5A and 8A). A repeated ANOVA model with test as repeated factor and figural 378 

Wechsler as covariate showed significant long-term forgetting in the blocked schedule (p = 0.025) and a 379 

significant effect of the figural Wechsler on long-term forgetting (p = 0.0067). A similar analysis show no 380 

long-term forgetting in the random schedule (p = 0.55), and no effect of the figural Wechsler score on 381 

long-term forgetting (p = 0.56), again as predicted by our computer simulations (Compare 5B, and Figure 382 

8B). 383 

 384 

 The influence of visuo-spatial working memory on long-term forgetting is well illustrated by 385 

classifying stroke individuals between high and low visuo-spatial working memory based on a cut-off of 386 

7 on the figural Wechsler memory score. The difference between long-term forgetting in blocked and 387 

random schedule was significant in the high spatial working memory sub-groups (N = 5 high spatial 388 

working memory in blocked, N = 8 high spatial working memory in random, Mann-Whitney test, p = 389 

0.042). However, there was no difference in long-term forgetting in the low spatial working memory sub-390 

groups, (Mann-Whitney test, p = 0.40).  391 

 392 
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 Finally, we verified that, in the individuals post stroke enrolled in the study, there was no 393 

correlation between the figural Wechsler memory score and any motor and sensory variables (maximum 394 

power force p = 0.482, UE Fugl-Meyer ROM p = 0.480, UE Fugl-Meyer Pain p = 0.825, UE Fugl-Meyer 395 

Sensory p = 0.316,  UE Fugl-Meyer Motor  p= 0.839, UE Fugl-Meyer Wrist p = 0.330, UEFugl-Meyer 396 

Hand p =0.615, FTHUE p = 0.839). There was no correlation of the figural memory score with the digital 397 

Wechsler memory score (p > 0.87). The only significant correlation between the figural score was with 398 

the MMSE (r = 0.70, p <0.0005). Furthermore, there was no correlation between long-term forgetting and 399 

any motor and sensory variables (maximum power force p = 0.66, UE Fugl-Meyer ROM p = 0.34, UE 400 

Fugl-Meyer Pain p = 0.98, UE Fugl-Meyer Sensory p = 0.79, UE Fugl-Meyer Motor p= 0.2, UE Fugl-401 

Meyer Wrist p = 0.31, UEFugl-Meyer Hand p =0.44, FTHUE p = 0.56). Since the MMSE contains 402 

working memory components, this validates the use of the Wechsler figural memory score as a visuo-403 

spatial working memory test in our study. These results indicate that it is the integrity of figural visuo-404 

spatial working memory, not any motor or sensory impairment after stroke that lead to the observed 405 

changes in long-term forgetting following blocked training. 406 

 407 

 408 

 409 

Discussion 410 

 411 

Here, we replicated the CI effect in non-disabled participants and presented novel evidence that 412 

the CI effect can hold in participants with stroke affecting the motor system, but is modulated by the 413 

integrity of visuo-spatial working memory.  Our results indicate that individuals with stroke with normal 414 

visuo-spatial working memory, like non-disabled individuals, exhibit less long-term forgetting of visuo-415 

motor skills acquired in random training schedules than in blocked training schedules. In contrast, 416 

individuals with stroke with low visuo-spatial working memory exhibit little long-term forgetting after 417 
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either random or blocked schedules. Our results may explain why previous studies reported conflicting 418 

results on the CI effect in individuals with stroke (Cauraugh and Kim 2003; Hanlon 1996) as participants 419 

were not separated by low and high working memory capabilities. 420 

 421 

The rather counter-intuitive effect of the integrity of visuo-spatial working memory on long-term 422 

retention following blocked schedules (the better the working memory the worse the long-term retention!) 423 

was predicted on a theoretical basis with our previous computational model of motor memory (Lee and 424 

Schweighofer 2009). Furthermore, we found no other motor or sensory variables that correlated with 425 

long-term forgetting after training in the blocked schedule or the integrity of visuo-spatial working 426 

memory. Thus, our combined computational and experimental results suggest that the integrity of visuo-427 

spatial working memory is a crucial factor underlying the modulation of the CI effect in participants post-428 

stroke in our experiment.  429 

 430 

 Although the CI effect has led to a considerable amount of research over almost a century (Magill 431 

and Hall 1990), its underlying mechanism has remained unclear.  Three non-exclusive hypotheses have 432 

been proposed to explain the CI effect in motor learning. First, according to the “elaboration-433 

distinctiveness” hypothesis, random training schedules allow inter-task comparison during the planning 434 

stage that lead to distinctive memory representations; e.g., (Cross et al. 2009; Immink and Wright 2001; 435 

Lin et al. 2008; Shea and Morgan 1979b). Second, according to the “deficient processing” hypothesis, 436 

blocked repetitions lead to reduced rehearsal or attention in later presentations, e.g. (Callan and 437 

Schweighofer 2010; Hintzman et al. 1973). Third, according to the “forgetting-reconstruction” hypothesis 438 

of the CI effect, forgetting between successive presentations of the same task during random training 439 

results in stronger memory representations (Lee and Magill 1983; Lee et al. 1985).  440 

 441 

Here, we propose a novel mechanistic account of the CI effect in motor learning. Like in the 442 

“forgetting-reconstruction” hypothesis, our account of the CI effect relies on forgetting between 443 
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presentations of the same task during training. The specific mechanisms underlying the enhancement of 444 

long-term memory differ in the forgetting-reconstruction hypothesis and in our model, however. 445 

According to the forgetting-reconstruction hypothesis, forgetting in working memory between spaced 446 

presentations necessitates retrieval from long-term memory, which increases long-term retention. In our 447 

model, forgetting in visuo-spatial working memory between spaced presentations during training leads to 448 

slower improvements in performance in random schedule than in blocked schedules. The resulting greater 449 

errors during training benefit the update of the slow process, leading to better long-term retention. Note 450 

that our account of the CI effect does not exclude additional explanations such as the “elaboration-451 

distinctiveness” and the “deficient processing” theories; further studies are needed to dissociate the 452 

possible contributions of such mechanisms. Moreover, further studies are needed to determine the 453 

putative neural substrates for the slow and fast processes. For example, we recently showed that the 454 

neural substrates of memory consolidation depend on practice structure (Kantak et al. 2010).  455 

 456 

Our results have implications for rehabilitation of patients with stroke. Although there is good 457 

evidence that task training is effective for improving upper extremity function after stroke (Butefisch 458 

1995; Kwakkel et al. 1999; Wolf et al. 2002; Wolf et al. 2006), none of these studies addresses the 459 

“microscheduling” of individual tasks. Thus, although the use of random task schedule during training 460 

has been advocated (Krakauer 2006), physical and occupational therapists rely on guidelines that simply 461 

suggest inclusion of extensive and variable training without weighing heavily on individual capability; 462 

e.g., (Bach-y-Rita and Balliet 1987; Lee et al. 1991). Here, our results suggest that patients with stroke 463 

with normal visuo-spatial working memory should receive training schedules that mix tasks randomly. 464 

Because such training is hard to implement in normal therapeutic situations, and places high demand on 465 

the therapists, robots that can present functional tasks and can easily switch between these tasks during 466 

training, could be developed - see our preliminary work in this direction (Choi et al. 2009). On the 467 

contrary, and in a rather counter-intuitive manner, our results suggest that individuals with stroke with 468 
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poor visuo-spatial working memory can receive blocked training schedules with no compromise to long-469 

term retention. 470 

 471 

Our experiment has a number of limitations that need to be addressed in future work. First, our 472 

study included only a relatively small number of participants in each group, and needs replication with a 473 

larger sample size and different populations, such as the elderly. Here, we chose to study young healthy 474 

subjects as a control population and not (older) age matched controls because the elderly show decrease 475 

working memory capability, which may have led to a reduced CI effect in this population -  see (Anguera 476 

et al. 2011). Two contextual interference studies have found a CI effect in motor tasks in older adults (Lin 477 

et al. 2007; Lin et al. 2010), Lin et al. 2010 directly compared young and elderly subjects on a serial 478 

reaction time task, and found the CI effect in both groups. Lin et al. 2007 found a CI effect in a subject 479 

population of similar ages as our participants post-stroke with motor tasks similar to ours in that subjects 480 

must produce different force patterns as a result of specific visuo-motor patterns. Second, although the 481 

young participants in our study were instructed to use their dominant hand, the participants post-stroke 482 

were instructed to use their most affected hand, which was or was not their affected hand before stroke. 483 

There is therefore the slight possibility that our results are due to not controlled handedness, although 484 

concordance was balanced across groups (see Table 2). Third, a prediction of the model is that poor 485 

visuo-spatial working memory will reduce the rate of performance improvement during acquisition in 486 

blocked practice. We found no correlation between the figural memory and the rate of learning in the 487 

stroke group however. This can be due to the large variability between and within participants at each trial 488 

during training in the stroke group compared to the non-disabled group (compare the shaded areas of 489 

Figures 6A and 7A). Increasing the sample size in motor tasks that lead to less trial-by-trial variability 490 

may be desirable. Fourth, because visuo-spatial working memory is thought to have a limited capacity, 491 

e.g., (Cowan 2001), it is possible that, in addition to, or in lieu of, shortened time-span, limited visuo-492 

spatial working memory in our participants is due to a deficit in the number of items that can be stored in 493 

memory (our current model of motor memory cannot account for such limited storage mechanism). Fifth, 494 



21 
 

we were only able to obtain the MRI scans for a small subset of our participants. In future work, it would 495 

be most interesting to relate stroke characteristics, such as locations and volumes to the amount of CI 496 

effect that can be induced. 497 

 498 

Similarly, our model, because of its simplicity, has a number of important limitations. First, like 499 

others, e.g. (Kording et al. 2007; Smith et al. 2006), we only attempted to model the common neuronal 500 

mechanism of error-driven motor adaptation or learning, but not the mechanism for specific types of 501 

motor adaptation or learning. As such, the model accounts for dual-adaptation data in eye movement, 502 

visuo-motor rotation, and force field adaptation – see (Lee and Schweighofer 2009). However, our model 503 

does not account for the effect of physiological factors, such as muscle mechanics, etc., of our specific 504 

experimental tasks.  Second, while our computation model is a model of motor adaptation (where 505 

“adaptation” is the change in motor performance that allows the motor system to regain its former 506 

capabilities in altered circumstances), we used it here to account for visuo-motor learning of novel tasks. 507 

Such extension from adaptation to motor learning requires us to make two assumptions about motor 508 

learning in our experiment. The first assumption is that learning in our experiment is error-driven. Since 509 

we provided an error measure in the form of the actual force trajectory superimposed on the desired 510 

trajectory (Figure 1), this appears reasonable. In addition, there is also a large body of evidence that 511 

support the fact that skill learning is at least in part driven via errors (reviewed for instance in (Hikosaka 512 

et al. 2002). The second assumption is that skill learning, like motor adaptation, results from a 513 

combination of fast and slow memory processes – there is a large body of evidence that supports this view 514 

– see for review (Anguera et al. 2010; 2011; Anguera et al. 2009). The final, and perhaps most crucial 515 

limitation of our model in the current context, is that our model assumes that there is no 516 

interference/generalization between tasks in the slow processes. Thus, our model cannot reproduce any 517 

transfer of learning effect across tasks. This is clearly an over simplification in light of the similarities 518 

between the three tasks in our experiment (see Figure 2), and this prevented us to use the participant data 519 

to estimate the model parameters (which had to be hand-tuned instead). However, our simulation results 520 
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show that our model well accounts for the CI effect when performance across tasks are averaged. Further 521 

work will need to determine whether the CI effect occurs when several unique tasks, such as a force task, 522 

a digit manipulation task, and a bimanual task, etc., are given.  523 

 524 

In sum, our combined theoretical and experimental results suggest a relationship between the 525 

integrity of visuo-spatial working memory and motor learning. Such a relationship between working 526 

memory and motor learning has been previously reported in a number of recent studies, e.g., (Anguera et 527 

al. 2010; Boyd and Winstein 2004; Keisler and Shadmehr 2010); our results add to and extend a body of 528 

work by showing that working memory is involved in the CI effect. Causal evidence for a role of visuo-529 

spatial working memory in the CI effect in motor learning may be obtained via virtual lesion of the areas 530 

involved in visuo-spatial working memory via repetitive transcranial magnetic stimulation - see related 531 

(Tanaka et al. 2010). 532 

 533 

534 
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Figure Legends 634 

Figure 1. Motor task. At each trial, one of three target force profiles was shown during the “ready” 635 

period. The specific force profile was selected according to a predetermined schedule (random or 636 

blocked). Two seconds later, a “GO” signal appeared and the participant was instructed to reach and grasp 637 

the apparatus and modulate the power grip force to approximate the target profile that lasted 2 seconds. 638 

The computer screen then became blank for 4 seconds, and feedback was shown for 4 seconds. Feedback 639 

included the actual force profile superimposed with the desired profile, the root mean squared error 640 

(RMSE) between the two profiles, as a well as a “best score”, which reflected the smallest error so far, 641 

and was included for motivational purposes. 642 

 643 

Figure 2. Examples of force trajectories for four participants for one task. From left to right: first trial of 644 

practice, first trial of immediate retention test, and first trial of delayed test. From top to bottom: 645 

representative participant post-stroke in blocked schedule,  participant post-stroke in random schedule, 646 

non-disabled participant in blocked schedule, and non-disabled participant in random schedule.  Gray 647 

line: desired force profile. Black line: actual force (in N) exerted by the participant during 2 seconds. 648 

 649 

Figure 3. Computer simulations: CI effect in the “non-disabled� model. Performance (black line), fast 650 

process (gray dot line), and slow process (light gray line) during blocked (A) and random schedule 651 

training (C). Immediate and long-term retention following blocked (B) and random schedule (D) training. 652 

Imm: Immediate test. Del: 24 hour delayed test. Notice the large forgetting following blocked training 653 

and slower performance improvement during random than during blocked training. The jitter in the fast 654 

process memory (reflected in performance) during random training in C was due to both decay and 655 

interferences between the tasks. 656 

 657 
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Figure 4. Computer simulations: reduced CI effect in a model with “poor visuo-spatial working 658 

memory�. Performance (black line), fast process (gray dot line), and slow process (light gray line) during 659 

blocked (A) and random schedule training (C). Immediate and long-term retention following blocked (B) 660 

and random schedule (D) training. Imm: Immediate test. Del: 24 hour delayed test. In blocked schedules, 661 

there was little forgetting in the delayed retention test (B; compare with Figure 3B) because of relatively 662 

higher build-up of slow process and lower build-up of fast process during training (A; compare with 663 

Figure 3A). In random schedules, there was little difference during training (C) and testing (D) compared 664 

to the normal model (compare with Figure 3C,D). 665 

 666 

Figure 5. Computer simulations: Forgetting measured at the delayed retention test as a function of the 667 

time constant of decay of fast process after either blocked (A) or random (B) schedule for two tasks. 668 

Overall, and notably for larger time constants, there was less forgetting following random schedule than 669 

blocked schedule. However, for smaller time constants, forgetting was comparable following random and 670 

blocked schedule.  671 

 672 

Figure 6. Data: CI effect in non-disabled participants. Performance (mean and SE) during blocked (A) 673 

and random (C) training. Immediate and long-term retention following blocked (B) and random (D) 674 

training.  675 

 676 

Figure 7. Data: CI effect in participants post-stroke. Performance (mean and SE) during blocked (A) and 677 

random (C) training. Immediate and long-term retention following blocked (B) and random (D) training.  678 

 679 

Figure 8. Data: Forgetting in individuals post-stroke in a 24 hour post-training period as a function of 680 

Wechsler  visual memory score (figural) following training in either blocked (A) or random schedule (B) 681 
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in the individuals post-stroke who participated in the study. Black lines: regression line. Gray line in B: 682 

robust regression line (with default weighting function in Matlab robustfit function) - the robust 683 

regression line is superimposed to the regression line in A. Compare to the computer simulations of 684 

Figure 5.  685 

686 
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Tables 687 

Table 1: Characteristics of the non-disabled individuals. * p < 0.05. 688 

Characteristics Blocked (n=12) Random (n=11) p-value 

Men 6 6 p > 0.1 

Age (yrs.) 25.5 ± 1.86 26.7± 2.65 p > 0.1 

Power force (N) 863 ± 99 794 ± 111 p > 0.1 

Wechsler Figural(10)       8.58 ± 0.29 8.33 ±0.33 p > 0.1 

 689 

 690 

691 
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 692 

Table 2: Characteristics of the individuals post-stroke. 693 

Characteristics Blocked (n=12) Random (n=13) p-value 

Men 8 9 p>0.1 

Age (years) 61.25±13.92 54.58±13.39 p>0.1 

Left Hemiparesis       6 4 p>0.1 

Concordance 7 5 p>0.1 

Months post onset  39.25±16.45 25.83±22.32 p>0.1 

Power force (N) 462 ± 67 326 ± 29 p = 0.082 

UEFugl-Meyer    

ROM (max = 24)  

 

22.58±1.83 

 

22.25±1.76 

 

p>0.1 

Pain (max =24)  24.00±0.00 23.25±2.30 p>0.1 

Sensory (max =12) 12.00±0.00 11.00±2.23 p>0.1 

Motor (max = 66)      55.00±8.98 54.00±7.01 p>0.1 

Wrist (max = 10)  9.10±2.81 8.00±3.28 p>0.1 

Hand (max = 14)       12.25±1.54 11.58±2.31 p>0.1 

FTHUE 14.50± 3.53 14.91± 2.94 p>0.1 

MMSE (max = 30) 29.25±1.21 29.41±0.90 p>0.1 

Wechsler  

Digital (max = 24)     

 

16.83±4.71 

 

16.08±3.17 

 

p>0.1 

Figural (max = 10) 6.16±1.69 6.67±1.97 p>0.1 

 694 

 695 
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